Abstract. This paper examines the effects of climate change and drought on agricultural incomes in Spanish rural areas. Present research has focused on the effects of these extreme climatological events through response functions, considering effects on crop productivity and average incomes. Among the impacts of droughts, we focused on potential effects on income distribution. The study of the effects on abnormally dry periods is therefore needed in order to perform an analysis of diverse social aspects in the long term. We estimate crop production functions for a range of Mediterranean crops in Spain and we use a measure of the decomposition of inequality to estimate the impact of climate change and drought on yield disparities. Certain adaptation measures may require a better understanding of risks by the public to achieve general acceptance. We provide empirical estimations for the marginal effects of the two impacts considered: farms' average income and income distribution. Our estimates consider crop production response to both biophysical and socioeconomic aspects to analyse long-term implications on competitiveness and disparities. As for the results, we find disparities in the adaptation priorities depending on the crop and the region analysed.
Introduction
Climate-change-induced impacts on society have captured an important part of the attention of environmental research in the last decades, usually estimated in a two-step process, where in a first phase physical units are calculated (changes in crop yield, life expectancy, sea level rise, number of species, etc.), while in a second step macroeconomic models are employed in order to translate the first result into monetary units (Ciscar et al., 2011; Watkins et al., 2005) . Market equilibrium approaches are avoided here. We consider the economic revenues of the farms directly to estimate the impact of drought on income inequality. We then make a projection in terms of these econometric results without any additional assumption about market behaviour. In general, individuals and firms are modelled as representative agents within, respectively, one region and one market sector. This implies assuming the same socio-economic types of preferences across the world and across economies (Michetti and Zampieri, 2014) . As an alternative we consider market issues directly through incomes at farm level which may reveal another part of the picture. This is also interesting in order to understand the expected impacts over producers.
Even if income inequality has been revealed as one of the most important drivers for significant changes in the socio-political framework in the European Union (EU) after the 2008 economic crisis and with equitable growth now at the forefront of economic debate (Piketty, 2013) , not so much attention has been placed on the distributional effects of climate change extreme events and hazards on economic outputs. Economic evaluation efforts have been focused on risks at the average level, but it is becoming clear that adaptation policy needs to face climate-driven income inequality (Quiroga et al., 2015) . There are important references in literature pointing towards an increase in food inequality induced by climate change (Wheeler and von Braun, 2013; Pindyck, 2013; Marino and Ribot, 2012 ) based on non-monetary units like yields or ingested calories. To date there has been little empirical research on how and where climate change interventions are shaping income inequality. This is indeed important in the agricultural sector due to its intrinsical link to rural development. It is also relevant in terms of EU Common Agricultural Policy (CAP, 2nd Pillar) and it is closely related to ecosystem conservation at the same time -through decoupling subsidies and developing agro-environmental programmes, which also affect forest area, that has significantly increased in Spain in the last decade as a result of land abandonment, with implications for conservation policies, forest landscape connectivity, etc. (Martín-Martín et al., 2013) . Crop yield changes, as a response to climate change projections, have been estimated in many relevant studies dealing with climate change impacts González-Zeas et al., 2014; Lobell et al., 2014) , and the Mediterranean region in particular has been identified as a major hotspot due to the expected increase in drought risk . As for the Spanish case, climate change will probably increase water conflicts among sectors, as well as an improvement in the efficiency of water use, which will be essential to maintain environmental flows and therefore ecosystem sustainability. In this context we have analysed the response of rain-fed crops to climate conditions including extreme events such as drought. Here we have selected crops best representing Mediterranean crop systems. Cereals, grapes, and olives are the three basic products of Mediterranean agriculture, the ones representing a higher proportion of harvested area, but also with an important cultural heritage in the region. Table 1 shows the percentage of total agricultural rain-fed area dedicated to the selected crops. We can see that they account for more than 50 % of the rain-fed crop systems. Although agriculture does not represent a high proportion of gross domestic product (GDP) in Spain (less than 3 %), more than 3000 farms highly depend on these crops as their main activity. Due to the significant agricultural land abandonment in Spain (Beilin et al., 2014 ) the economic effects on these three crops are also important for the wider analysis of rural development.
Our main goal of the paper is to study drought-induced changes in the distribution of incomes that are based on agricultural output. We estimate crop production functions to simulate factor productivity in order to then calculate the response of income distribution to climate change. Particular attention is directed towards the economic outputs of crops. The value of production (in monetary units) is what we consider a change in income. The database we analyse provides results on the monetary value of production, which is used to check the factors' productivity, which is general practice when the focus is on the monetary units instead of physical units. This choice is important here since results allow us to analyse the change in the monetary units as a response to changes in the determinants (both observable and not observable).
Production is usually affected by unobserved factors. The way in which these influences can be separated from the effects of more tangible and traditional inputs -such as land, labour, or capital -is at the heart of a new debate. Different approaches to the appropriate identification strategies for addressing endogeneity and collinearity problems have appeared over the last years. The aim is to avoid simultaneity and selection biases that are common in most production function estimates (Petrick and Kloss, 2013; Yasar et al., 2008) . We estimate the production function using the approach provided by Olley and Pakes (1996) , which allows control of both traditional inputs and state variables -such as climate -to be combined and different kinds of biases to be avoided, such as those resulting from the exit of inefficient farms. This model allows the effect of unobservable inputs such as soil quality, human capital of the labour force, farmer's effort, etc, to be accounted for. Our study is centred on Spanish farms located in the Mediterranean agroclimatic region. The present situation does not allow for much optimism. Explicit restrictions on water availability have been introduced in most of the Spanish river basins and there are big socio-economic conflicts, especially in the agricultural sector. Extraordinarily bad governance practices related to water and irrigators have been reported, especially in relation to water rights in Spain. In the Tagus river basin, especially in the case of Western Mancha, the lack of clear definition of water rights currently creates critical conflicts with estimated thousands of illegal abstractors. To achieve more effective water governance in the area, it is necessary to create an enabling environment, which facilitates efficient private and public sector initiatives and stakeholder involvement in articulating needs (De Stefano et al., 2013; Rogers et al., 2006) . This paper is organized as follows: Sect. 2 focuses on the steps within the methodology, models, and data. Section 2.1 details the climate change scenarios considered for the simulations; Sect. 2.2 presents the econometric model for the Olley and Pakes crop production estimation, Mediterranean crops, and Gini index decomposition. Section 2.3 explains the Gini index for measuring income distribution and the decomposition for calculating the marginal effects of drought. Sections 3.1 to 3.3 present the results for the production functions, the simulations of marginal effects of drought for the different scenarios, and the calculations for the changes in farms' income distribution. Step 1 Characterization of productivity drivers Nature state patterns
Management input factors
•Labour, materials (fertilizers, energy) •Land, capital, investment
Step 2 Characterization of crop productivity
• Olley and Pakes production functions •Climate risk semi-elasticities estimates
Step 4 Climate change scenarios
• A1B, E1 (CO2 representative concentration pathways)
Step 5 Projections of crop production and income distribution
• Simulations of crop production and Lorenz curves (GINI index) for the selected scenarios
Step 3
Income distribution decomposition
Characterization of inequalities 
Methods
This paper provides an assessment of income distribution as a response to a climate-change-induced increase in droughts in the Mediterranean. Our analysis integrates two essential components of the economic perspective of adaptation policy: productivity and equity. We first analyse the drivers for the agricultural systems' production through a semiparametric method using 1990-2013 data for production in monetary terms at the farm level in different river basins in Spain. We have integrated biophysical and socio-economic databases to characterize the nature state variables and management factors. Second, we explore the distributional aspects computing the marginal effect of changes on seasonal rainfall distribution, using a decomposition of the standard Gini coefficient to then simulate production and income distribution according to these climate scenarios. Figure 1 summarizes the steps on the methodology.
Agricultural production function simultaneous
estimates: observed inputs and unobserved productivity shocks
We first need to define and estimate a production function. The Olley and Pakes (1996) approach assumes that incumbent farms decide at the beginning of each period whether to continue to participate in farming activity depending on their productivity level, which in turn depends on their production factors (it corrects the selection bias). To this end, investment (i i t ) is considered as a proxy for the unobserved productivity shocks. Additionally, this method corrects the simultaneity bias arising from the fact that farms choose their level of input once they know their level of productivity. Most of the studies in the literature using Olley-Pakes methodology assume a Cobb-Douglas production function (see Rizov et al., 2013 and Kazukauskas et al., 2010 , as recent examples focused on EU farm data). Since this is the functional form more commonly accepted, we assumed it for our study. The robustness of this method has been proved previously in Petrick and Kloss (2013) . Simultaneity exists between the choice of inputs and productivity since productive farms are more likely to make capital investments to increase the future value of the farm. Therefore, the farm's decision to invest in further capital implies that future productivity is increasing in the current productivity shock, so farms that experience a large positive productivity shock in period t will invest more in period t + 1. The Olley and Pakes (1996) semiparametric method accounts for these issues. There is also a selection bias caused by the fact that farms only stay in business if the liquidation value is smaller than the anticipated future value of profits. Controlling for this selection bias requires a second step to estimate survival probabilities. In our implementation, we estimate the probability of survival by fitting a Probit model. Details on the production function are reported in Appendix A. In order to analyse the effects of climate we can examine these coefficients that represent climate elasticity (or semi-elasticity to be more precise), that can be defined as the percentage change in the function's output as a result of a one-unit change in the level of a climate variable. For example, the average temperature coefficient indicates the percentage change in monetary outcome for the farms due to an increase in 1 • C in the average temperature.
Marginal product -the change in output resulting from employing one more unit of a particular input, assuming other variables are kept constant (Brewer, 2010) -has been calculated for when the drought effect is analysed.
Measuring rural income distribution:
a decomposition of the Gini index with regard to social equity
To characterize the inequality level generated by agricultural output, we use the Gini coefficient decomposition proposed by Pyatt et al. (1980) and Shorrocks (1982) , and extended by López-Feldman et al. (2007) , which includes the marginal effects of different sources on overall yield inequality, focusing on the impact of water-related variables. The Gini coefficient is probably the most common inequality measure because of its simplicity and its desirable properties. In a general context, it fulfils the properties of mean independence, population size independence, symmetry, and Pigou-Dalton transfer sensitivity (Haughton and Khandker, 2009 ). However, this tool presents two main shortcomings: (i) difficult decomposability as entropy measures, and (ii) difficult statistical testability for the significance of changes in the index over time. Haughton and Khandker (2009) suggested that the latter is not a real problem because confidence intervals can usually be produced by means of bootstrap techniques. Taking these considerations into account, we use this approach. This concentration ratio is widely used in many fields of economics as well as in ecology and agronomics, but there are fewer applications in agricultural and environmental economics together Sadras and Bongiovanni, 2004; Seekell et al., 2011) . In a general context, it ranges from zero (equal distribution) to one (perfect inequality). The decomposition of the overall Gini into specific source factor effects was derived from Lerman and Yitzhaki (1985) . It is a good measure to help to understand the determinants of inequality, and allows the effect of small changes in a specific source of yield (or, in this case, income) on inequality to be estimated, while the other sources' constant is maintained. In this paper, we include drought as a source factor. If we consider the relationship between drought and crop yield, the interpretation of Gini decomposition will be the following: (i) if drought as a source represents a large share of total crop yield, it could probably have a large impact on inequality; (ii) if crop yield is equally distributed, it cannot affect inequality, even if its magnitude is large; and (iii) if this crop yield source is large and unequally distributed, it could either increase or decrease inequality, depending on which farmers, at which points in the crop yield distribution, earn it.
Here we use the Lorenz curves as the most common Gini index representation to analyse how rural inequality responds to climate-change-induced drought. The Lorenz curves represent the cumulative distribution function of income distribution. Since a perfectly equal income distribution would be one in which every farmer has the same income, this could be represented by the line y = x, also called the "perfect equality" or "equi-distribution" line. In this hypothetical case, N% of rural population would always have N% of the rural income. The Gini index corresponds to the area between the Lorenz curve and the equi-distribution line.
A detailed description of Gini decomposition can be found in Appendix B.
Data
Since our model considers the interrelation among management factors and climate state variables, it was necessary to combine several socio-economic and biophysical databases for the analysis. Table 2 shows detailed information about the variables we used, the units and source of the data, and main descriptive statistics. We have used the SABI database (Iberian Balance sheet Analysis System), which provides information about farm production in monetary terms, management factors (land, labour, and capital), and spatial farm location. The SABI database is produced jointly by Bureau van Dijk and Informa and comes from the financial information that farms must present to the Companies Registration Office. It is an annual survey which looks at a panel of representative Spanish agricultural farms and contains balance sheet data, cash flow, and other data. Our database is an unbalanced panel observed over the period 1990-2013. The most difficult issue with an unbalanced panel is precisely determining the origin of the lack of balance: (1) if the reason a farm leaves the sample is not correlated with the idiosyncratic error (those unobserved factors that change over time and affect profits), then the unbalanced panel causes no problems. (2) If the reason a farm leaves the sample is correlated with the idiosyncratic error, then the resulting sample can cause biased estimators. One advantage of the mechanics of Olley and Pakes (1996) (as it is explained in the Appendix A) is that it takes into account the selection bias resulting from the exit of inefficient farms.
SABI also provides information about the major digit NACE codes (National Classification of Economic Activities) to which the farms belong. The data are at the farm level and they are provided for different sectors. Here we have analysed the farms from 1990 to 2013 in the most important sectors regarding Mediterranean representative crops: the cereal sector (NACE code A1.1.1), the grape sector (NACE code A1.2.1), and the olive sector (NACE code A1.2.6). Our sample includes all the farms providing information for the selected sectors.
The SABI database provides the data in real currency (current EUR), so to consider real increase in purchase capacity and discount the effect of market price increases, we have deflated the current monetary variables into real values with 1990 as the base year, using national account data for Spain (INE, Spanish National Statistics Bureau). Climatic information for the period 1990-2013 has been collected from AEMET (State Meteorological Agency in Spain). Table 2 presents the descriptive analysis of the variables used. The current work uses each firm's sales volume and it is converted into real terms. With regard to the inputs, labour is measured as the number of workers. In this type of study, the standard practice is to define labour in terms of hours worked but this information is not available. Capital quantity is defined as the market value of capital assets (machinery, tractors, etc.) owned by the farms, in constant prices. Land is defined as the real value in monetary terms for the planting area for every farm, so this is not constant during the considered period. Every year farms declare the value of their properties (which can be sold or bought). This value, expressed in real terms to avoid inflation effects, is what we consider as land input. Although we do not have information about real land use, which does not only depend on the variation of the amount and value of planting area but also on the competition between the use of a portion of land amongst different scopes (abandonment, urban, afforestation, food production, energy production etc.), which constitutes a limitation, we can capture the evolution of agricultural land value. Material is defined as intermediate spending carried out in the production process (fertilizers, pesticides, energy, etc.). The farm investment is calculated according to the proposal by Lewellen and Badrinath (1997) as follows:
where nf is net fixed assets and bd is book depreciation expenses. Theoretically, the model mentioned in the last section requires investment to be strictly positive to invert the investment function. In their empirical implementation, Olley and Pakes (1996) drop all observations with zero investment. Other authors have noted that in practice, zero investment is often observed and that the methodology seems to work even when the theory is violated (see, for example, Pavcnik, 2002) . Therefore, our approach will be to retain all the observations with zero investment but also introduce dummy variables (dummy variables for zero investment interacting with state inputs) to account for these observations, as in Blalock and Gertler (2004) and Breunig and Wong (2008) . As a robusticity check, we estimated the model dropping all of the observations with zero investment and the resulting coefficient estimates, similar to those reported below. We add t, which is a variable included here to measure the Hicks-neutral technical change that is common among firms in the same sector and autonomous region. A Hicks-neutral technical change is a change in the production function of a farm that satisfies certain economic neutrality conditions. A change is considered to be Hicks-neutral if the change does not affect the balance of labour and capital in the products' production function. Factor-neutral (also called Hicksneutral) technological change is assumed, either explicitly or implicitly, in most of the standard techniques for measuring productivity, ranging from the classic growth decompositions of Solow (1957) and Hall (1988) to the recent structural estimators for production functions (Olley and Pakes, 1996; Levinsohn and Petrin, 2003; Ackerberg et al., 2006) .
In our paper, we measure Hicks-neutral technological progress with the time trend in production function. Assuming neutral technical change implies that the coefficients of the interactions between the yearly trend and the input variables are zero. We also tried to estimate a non-neutral technical progress, but the resulting coefficients were not significant, so the Hicks-neutral technological progress was deemed appropriate.
Drought characterization is always a difficult task, given the spatial and temporal properties of drought and no single accepted definition (Tsakiris et al., 2007) . In the most general sense, drought originates from a deficiency of precipitation over an extended period of time -usually a season or more -resulting in a water shortage for some activity group or environmental sector (NDMC, 2015) . Operational definitions help define the onset, severity, and end of droughts. No single operational definition of drought works in all circumstances, and this is a big part of why policymakers, resource planners, and others have more trouble recognizing and planning for drought than they do for other natural disasters (NDMC, 2015) . To characterize drought in this study, we take the commonly used Standardized Precipitation Index (SPI, McKee et al., 1993) . Broadly considered, this index is based on the probability of precipitation for any timescale. It is calculated as the difference in accumulated precipitation between a selected aggregation period and the average precipitation for that same period. We have introduced the SPI in a dummy form since we are also interested in the direct effect of temperature and precipitation and we wanted to avoid collinearity problems with the SPI since it is constructed from precipitation data. This approach has been used before in some previous analysis in Spain Quiroga and Iglesias, 2009; Iglesias et al., 2010; Garrote et al., 2007) . We have used SPI to characterize drought since it is widely used and more comparable across regions with different climates than other more complex indexes such as the Palmer Drought Severity Index (PDSI). SPI does not consider temperature, which is responsible for affecting evapotranspiration, but we have considered temperature effects among the explanatory variables of the model. However, other limitations include SPI not considering the intensity of precipitation and its potential impacts on runoff, streamflow, and water availability within the system of interest (Keyantash and National Center for Atmospheric Research Staff, 2015) .
We have introduced a geographical variable to capture the differences among river basin locations (Fig. 2) to reflect that climate and management patterns vary across the basins and so do the crop processes and farmers' incomes. All 10 river basins are represented in the analysis since there are a number of farms included in each of the basins. However, we introduced a dummy variable for differentiating the effects on five of them: Duero, Ebro, Guadalquivir, Guadiana, and Tajo. This allows us to compare differential marginal effects for these important basins. For example, if we have a significant and positive effect on the variable capturing the Duero river basin effect, this indicates that for this basin the effects are higher than the average effects. For the river basins not represented we just have the average value as reference. Introducing dummy variables allocates differential marginal effects with respect to the representative average value. We consider the most important river basins to allocate these differences.
Climate change scenarios and drought in the Mediterranean
We analyse the response of crop production to climate change through simulations responding to climate scenarios derived from Representative Concentration Pathways of global emissions for the 2050s, the A1B scenarios with a balanced emphasis on all energy sources (around 850 ppm of CO 2 ) and the E1 scenarios representing stabilization (458 ppm of CO 2 ); although basin-level data have not been developed for the new representative concentration pathways (RCPs) in Spain (as can be seen at Rogelj et al., 2012) , the equivalence can suggest that A1B ranges between RCP and RCP8.5, and E1 corresponds to RCP4.5. Although this paper focuses on the priorities for adaptation, we want to place these priorities in terms of mitigation efforts. Adaptation and mitigation are dependent on each other (IPCC, 2014) . The greater the effort in mitigation (i.e. a more stringent target is foreseen in CO 2 concentration reduction in 2100), the lower the cost of adaptation to climate change will be (although, of course, some unavoidable effects remain independent of mitigation efforts). The source of climate data is the University of East Anglia and these data have been fully described in Iglesias et al. (2012a) . A1B represents a balanced emphasis on all energy sources with CO 2 level in 2080 of about 850 ppm. E1 is the so-called global "2 • C stabilization" scenario that is characterized by atmospheric concentrations of 498 ppm CO 2 in the 2080s. These last-generation socio-economic scenarios were not developed in the PRUDENCE project but new climate projections have been developed under the Climate Cost project Iglesias et al., 2012a) . To address uncertainty we use several climate models driven by these Representative Concentration Pathways: A1B: DMIEH5-4; A1B:HADGEM-1 and the E1: DMICM3-1; E1: DMICM3-2; E1: HADGEM2-1. Table 3 presents the average values for the seasonal average temperatures and total precipitations.
The two selected scenarios represent important differences in mitigation policies. The E1 scenario corresponds to the future emission pathway that is required to limit global warming to no more than 2 • C above pre-industrial levels and the allowable level of CO 2 emissions in this greenhouse gas stabilization scenario corresponds to limiting global warming below this EU target. Significant and early policy actions are required in mitigating greenhouse gas emissions to limit global warming to no more than 2 • C above pre-industrial levels. In the greenhouse gas stabilization, the allowable CO 2 emissions increase has to be steadily reduced, resulting in a decrease of 56 % in year 2050 and almost 100 % in year 2100. (Roeckner et al., 2011) . On the other hand, the A1B scenario is part of the Special Report on Emissions Scenarios (SRES) scenario families and has been the focus of model intercomparison studies. E1 and A1B illustrative marker scenarios are about 490 and 850 ppm respectively (IPCC, 2007; Christensen et al., 2011; Roeckner et al., 2011) . Since the European Union is targeting important efforts for mitigation, we have focused on scenarios in line with recent policy agreements.
Drought projections have been made considering the projected expected changes in precipitation patterns as a result of climate change. SPI has been calculated from climate change projections for the selected scenarios. In addition, since we want to consider the general effect of temperature variation due to climate change, we have also included the climate variables directly as determinants. Table 4 shows the estimates for the nature state drivers and management factors' elasticities of the statistical function of yield response for the selected Mediterranean crops in the analysis. We observe that the marginal effects are as expected with regard to traditional inputs; that is, the management factors positively affect the increase in productivity. We observe that the effect of size (land) is not relevant in determining crop production in Spain; that is, there are not significant productivity differences between big and small farms. This result is quite common in literature (Petrick and Kloss, 2013; Yasar et al., 2008) . With regard to climate drivers, we find in general that average temperatures have a positive effect and the same is true for precipitation. Droughts appear to be the most important factor for external productivity shocks. In addition, we have tested collinearity problems between precipitation variables and SPI and considering the matrix of correlations and the variance inflation factors, we conclude that there is no problem among factors to be concerned about. This effect is crop-specific and it is more important in the case of olives. This is due to the climatic conditions of this rain-fed Mediterranean crop, located basically in the southern areas which have critical water availability shortages during drought. Table 5 shows the Gini coefficient for the total income, and the marginal effects of the increase of drought on the farms' income distribution for the main river basins in Spain. We observe that the most unequal distribution of incomes is presented in the Duero river basin for cereals, in the Guadiana for grapes, and in the Tagus river basin for olives. We find that the increase in drought occurrence will reduce the Gini index in all the cases studied, meaning it will increase the inequality for the rural incomes. Although the effects are not large, they are mostly significant. The estimation of the percentage change of this rural inequality allows us to explain the changes in the Gini index as a response to changes in the precipitation patterns due to climate change. Figure 3 shows the marginal effects on production and changes in income distribution. While the impacts on average production in monetary terms depend on the crop and the location, showing a negative or positive impact, we observe that the changes in the Gini index values are always expected to be negative and they are lower in magnitude; that is, the expected effects on inequality point towards a worse situation in the context of climate-change-induced extreme events such as drought. The magnitude depends on the crop type. We observe that olives are the crop with the highest probability of having higher risk and also of generating more inequality in rural areas, while the opposite is evident for grapes. The grape industry in Spain is highly technified and can be described as a very intensive crop system. This makes a difference in terms of the effects of climate change. Aspects such as improvements in varieties are not observed in the database but are observed by the farmers, and so considered within the model as unobservable effects increasing produc- tivity. This kind of effect can also increase the adaptive capacity of the system; therefore we see very different results in this industry with a higher adaptive capacity, which implies less vulnerability to change in climate extremes. On the other hand, olive and cereal crops are crops that are more extensive, labour-based, and for which fewer technical systems are used, which make them more dependent on climate factors. We observe that the Tagus river basin is the one where the greatest impact is noted due to droughts. These marginal effects can be used as a basis for understanding the priorities in adaptation policy. The impacts on cereals are highly dependent on the location. Since our analysis suggests some losses due to the marginal effect of drought on production, this could affect competitiveness in the long term. From the economic point of view, the long term is not linked to a spe-
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(1) Baseline, (2-5) Climate change scenarios. cific timescale, but it is considered when farms are able to adjust all costs, whereas in the short term, farms are only able to influence prices through adjustments made to production levels. Since our model considers investment responding to the final outcome, these production losses can influence investment, especially in the Tagus river basin. Since Fig. 3 suggests that different crops and regions have different expected marginal effects (i.e. income losses), different priorities should be given for defining public support for adaptation.
The effect on income distribution seems to be low in magnitude and this can be due to some compensation through market prices. This result appears to indicate that the mitigation of agricultural losses is being compensated through the worsening of consumer welfare. Here we do not calculate this effect, but we find that it would be interesting to extend the effects on consumption for future research. Some results can be found in literature in terms of changes in certainty equivalent wealth for producers and based on yields (t h −1 ) (Ciscar et al., 2011; Quiroga and Iglesias, 2009 ) but less attention has been placed on consumer income.
Evolution of income distribution as a response to drought
From the marginal effect on income distribution we have simulated its evolution as a response to changes in potential drought and climate variables through temperature and precipitation forecasting in the different climate change scenarios selected for the study (see Sect. 2.4). Figure 4 shows the resulting Lorenz curves (Gini index representation) to analyse how rural inequality responds to climate-change-induced drought. As we have mentioned in the methodology, the Lorenz curves represent the cumulative distribution function of income distribution. The greater the difference between the line and the so-called perfect equality or equi-distribution line, the higher the Gini index and the worse the distribution of incomes. In Fig. 4 we show the evolution of the curve from the baseline to the climate change scenarios for 2080 (A1B and E1 concentration pathways simulated by four different climate models and downscaling). These curves show for the bottom percentage of farmers (x axis), what percentage of the total agricultural income (y axis) they have, and what percentage can be considered a measure of inequality. We observe that the effects are not huge in terms of income distribution, but they are negative for all the crops and for the different scenarios, so climatechange-induced drought increase will definitely worsen rural inequality. In addition, we observe that the sector in which the income inequality will rise is the olive sector, followed by the cereals sector. In the case of grape production, the simulated effect on inequality is not significant. Since drought events will be suffered by all the farmers independently of their income level, our results suggest that at least in rainfed crops, investment, which is mostly made by farmers with higher incomes, would not be enough to compensate the expected losses, because in other cases we will expect a very critical effect on income distribution as a consequence of drought. Although the EU White paper for adaptation (COM, 2009) indicates that there is great room for adaptation in the agricultural sector, these results suggest that in the case of drought, the adaptation measures should prioritize water resource management. A limitation of this study is the fact that we do not analyse the effects on irrigated crops. The challenge for this kind of analysis is that data on spatial resolution for water availability have to be linked to information at the farm level. In a further step, remote sensing methods could help to better characterize information on water use.
We observe in Fig. 4 that the projected scenarios are very similar for the different models considered; that is, the results we obtain for income distribution changes are very robust in terms of the different models considered. Slightly larger differences appear among the different mitigation targets (A1B and E1). In Table 6 we have analysed these differences, considering the quantification of uncertainty in our model as well. We have computed the mean-comparison test for the projected income distribution response to climate scenarios in relation to the current climate baseline. We show the t statistic and p value for the null hypothesis of having no significant differences among the scenarios with respect to the baseline. A p value over 10 % means that the results show no statistical significant differences in inequality, while the opposite applies when the p value is less than 10 %. We observe that only some of the scenarios considering A1B concentration pathways produce significant effects on income distribution. Although the olive crop shows a bigger effect at a glance, we can see that considering the uncertainty of the model, these impacts are not significant (this is due to a bigger standard error in the model of this crop). The scenarios for the A1B concentration pathways have a bigger effect on income distribution than those for the E1 concentration pathways, both in magnitude and confidence level; so mitigation policies can help to reduce the effects of climate change on social equity.
Here we do not explicitly analyse rural communities, but income distribution at the farm level. However, we think that a worsening in the distribution of farms' incomes will affect social issues in these rural communities. We observe that the most important effects are expected on the olive crop in the southern areas in Spain. The increase in income inequality in these rural communities can be very important in terms of social conflicts since this region is mostly based on agricultural outcomes with very low development of industry. This problem we find in Spain could be the same in other Mediterranean countries where southern areas are also very much driven by the olive crop sector. Another limitation in this study is that we do not explicitly consider the role of CAP subsidies which are in fact very important, particularly in this area. Further analysis could include separated incomes from market and from CAP subsidies to explicitly examine the agricultural policy effects. However, since farm income and its distribution seem to be affected by climate change and drought challenges, the role of CAP seems to be revised in order to help competitiveness and income redistribution functions.
Here we consider the contribution of the studied crops to farmers' production and the effect of these losses on income distribution. However, we do not analyse cross-compensation or adaptation measures explicitly (i.e. crop rotation, change in varieties, part-time non-agricultural incomes, etc). Farmers of course can make several important decisions to adapt to the expected losses and it would be interesting in further analyses to take these compensation effects on income disparities into account. Therefore, adaptation measures should be designed considering both economic and social aspects.
Discussion and conclusions
This paper focuses on the effects of droughts and climate change on agricultural production and rural income distribution. We have estimated the drivers for production in monetary units and we find that traditional inputs such as labour, capital, and intermediate consumptions (energy, fertilizers, pesticides, etc.) positively affect production as expected. However, there are also nature state variables, such as drought, temperature increase, or precipitation decreases, which are not controlled by the farmers, but can produce important productivity shocks. We have estimated the elasticity for these shocks and we have especially focused on drought effects on productivity losses.
The relatively complex methodology used allows us to focus on the economic aspects of climate change and drought impacts on agriculture. We estimate directly in monetary units. For this purpose, we used economic information about marketable outputs and inputs (such as cost of labour, capital, intermediate consumptions -energy, fertilizers, etc.) in monetary terms. However, there are other factors such as soil quality or farmer's effort that are not causing a marginal cost in terms of input, but have an important effect on the production. The Olley-Pakes method allows us to consider these unobservable factors and obtain non-biased estimations, although these factors are not directly considered as explanatory variables. According to previous literature, the losses produced by drought conditions are crop-specific and they depend on location. The same can be shown in this analysis (Parry et al., 2004; Iglesias et al., 2012a; Lobell et al., 2008) . The climate-change-induced and drought-induced losses in physical yields (t h −1 ) have been largely analysed in the literature, and they are expected to be very high for some of the crops analysed here, especially in the southern and eastern regions in Spain. However, the analysis of incomes has not captured so much attention. As we have mentioned in the text, the changes in production in monetary terms, although also crop-and location-specific, are not as high as those estimated in actual quantities yielded. Of course, in market economies, prices are expected to play a role adjusting the scarcity in physical goods, and this seems to be exactly the case here. Even when international agricultural goods are present, market prices seem to respond to yield losses at the local level and incomes are affected, though to a lesser degree. This is very important because it transfers the affected community from being producers to consumers.
With regard to income distribution we have estimated the marginal effects of drought on the Gini coefficient and we have observed that the effects are not large but they are negative for all the crops analysed whatever the river basin considered. The Tagus river basin is the one that shows the most important effects in both production loss and income inequality, and with respect to the sectors analysed, the olive sector is where the greatest impacts are noted. The results are policy-relevant since adaptation policy for agricultural systems and water resource distribution could consider prioritizing the most affected basins and sectors.
When simulating climate change conditions our results show that income distribution can be expected to get worse, although the effects are higher on the production loss than on the inequality increase. The scenarios based on A1B concentration pathways produce higher effects on income distribution than those based on E1 concentration pathways, so mitigation policies can reduce the vulnerability of low-income rural communities.
The results achieved are relevant since although the relationship between climate change and inequality has been identified to be very important (IPCC, 2014; UNDP, 2010; López-Feldman, 2015) , there are still few empirical studies quantifying the effects on income distribution. Most of the studies addressing distributional aspects are based on food security -yields or ingested calories, poverty or development indicators. These kinds of studies are very important and pertinent in order to analyse the global situation where developed and non-developed countries are present. However, in the context of the EU or the OECD developed countries, sometimes these kinds of measures (literacy levels, access to water, ingested calories, etc.) are not adequate enough to describe the situation of a loss in income distribution. For this reason, we find that our results can provide a better picture for analysing the worsening situation of farmers in developed countries, since they address the direct impacts considering farmers' incomes in real terms. We have found that the differences in terms of income distribution are not as severe as those reported in studies that analyse solely physical impacts , which suggests an important role of market prices in stabilizing farmers' outcomes. Although most of the studies project important crop production to be reduced due to climate change in Spain (Iglesias et al., 2012a; López-Gunn et al., 2012) , our results could imply rural incomes not suffering the most through agriculture losses but consumers' welfare being the most greatly affected. We have not analysed consumers' welfare here directly. However, since important effects on crop production can be expected while we do not predict very big impacts on income, probably, this lack of expected impacts is due to a smoothing effect through prices, which in fact highly affects consumers' welfare.
Concerning adaptation, we have found that the Tagus river basin is the most affected region with regard to changes in the average income of farmers. This would imply that larger efforts for adaptation should be made in this area, where water resources' management becomes a key element for adaptation. Tagus river basin has been pointed to be one of the basins where pressures will be increased to a more substantial degree in terms of unsatisfied demand. Having the highest magnitude effects in terms of monetary outcomes and consequences on inequality will increase the already existing conflicts among different water users and water management challenges including potential changes in the interbasin water transfer schemes with the Segura river basin. A total of 9.8 km 3 of water has been transferred in 30 years, during which the interbasin water transfer has been operative. Of this, 60 % has been used for irrigated agriculture in the southeast region in Spain; 38 % has been dedicated to complement drinking water supply in the region; other uses include transfer water to the Tablas de Damiel National Park, a wetland ecosystem in the Guadiana River basin (Pittock et al., 2009) . Therefore, the increasing pressures do not only have implications for socio-economic issues, but also on the ecosystem.
Moreover, we have found that the olive sector should be considered as a priority in terms of both farms' incomes and social equity. Studying the role of CAP subsidies will be important to address this challenge in the future. The olive sector is the most important agricultural sector in the south of the Mediterranean and represents an important factor for rural development in the area. Olive oil farms in Spain are on average bigger and have a higher labour productivity than elsewhere. Labour is the most important cost for these farms, the family labour representing around 50 % of total costs. In addition, olive farms in Spain have suffered on average unfavourable trends in income indicators, with income falling by about a third in the last decades (EU FADN, 2012 ). Therefore, the predicted increase in inequality could increase migration out of the rural areas, affecting land use and rural development in Spain.
S. Quiroga and C. Suárez: Climate change effects on rural income distribution Appendix A: Agricultural production function simultaneous estimates: observed inputs and unobserved productivity shocks
The Olley and Pakes (1996) approach assumes that incumbent farms decide at the beginning of each period whether to continue to participate in farming activity, a decision made according to their productivity level, which in turn depends on each farm's production factor (it corrects the selection bias). To this end, investment (i i t ) is considered as a proxy for the unobserved productivity shocks. In addition, this method corrects the simultaneity bias arising from the fact that farms choose their level of input once they know their level of productivity.
We assume that farmers produce a homogeneous product with Cobb-Douglas technology, and that the factors underlying profitability differences among firms are neutral efficiency differences. The production function is
where y i t is the log output for farm i in period t; l i t , m i t , k i t and a i t are the log values of labour, material, capital, and land inputs; c j i t are biophysical variables (climate and river basin); i t is the productivity shock that is observed by the farm but not by the econometrician (for example machine breakdowns); and η i t is an unexpected productivity shock that is unobserved by both the decision-maker and the econometrician. Thus, i t and η i t are unobserved. The distinction is that i t is a state variable in the farm's decision problem, and hence a determinant of both liquidation and input demand decisions, while η i t is not (see Petrick and Kloss (2013) for an extended typology of farm production factors).
Simultaneity exists between the choice of inputs and productivity since productive farms are more likely to make capital investments to increase the future value of the farm. Then, the farm's decision to invest in further capital, i i t , also depends on capital stock, land, and the firm's productivity shock:
This investment decision equation implies that future productivity is increasing in the current productivity shock, so farms that experience a large positive productivity shock in period t will invest more in period t + 1. The Olley and Pakes (1996) semiparametric method accounts for these issues. Applying this method first involves using the investment decision function to control for the correlation between the error term and the inputs. This is based on the assumption that future productivity is strictly increasing with respect to i t , so farms that observe a positive productivity shock in period t will invest more in that period, for any k i t and a i t . Provided that i i t is strictly positive, we can write the inverse function for the unobserved shock i t as i t = h (i i t , k i t , a i t ) .
This function can thus be used to control for the simultaneity problem. Substituting those equations into production function yields y i t = β l l i t + β m m i t + j δ j c j i t + ϕ (i i t , k i t , a i t ) + η i t ,
where ϕ (i i t , k i t , a i t ) = β 0 + β k k i t + β a a i t + h (i i t , k i t , a i t ) .
We approximate ϕ (.) with a second-order polynomial series in land, capital, and investment. The partially linear equation can be estimated by ordinary least squares. The coefficient estimates for variable inputs (labour and material) will be consistent and asymptotically normal estimates of the coefficients in the linear part of the model (Andrews, 1991) because ϕ (.) controls for unobserved productivity, and thus the error term is no longer correlated to the inputs. This allows us to estimate β l and β m without requiring identification of β k and β a , so more work is required to disentangle the effects of capital and age on the investment decision from their effect on output.
There is also a selection bias since farms only stay in business if the liquidation value is smaller than the anticipated future value of profits. Achieving this requires a second step to estimate survival probabilities (P i t ), which will then allow us to control for selection bias. In our implementation, we estimate the probability of survival by fitting a probit model on i i, t−1 , k i, t−1 , a i, t−1 , as well as their squares and cross products. This can be viewed as a nonparametric estimator of the index function. If the predicted probabilities from this model areP i t , Pr (χ i t = 1) = φ i i, t−1 , k i, t−1 , a i, t−1 .
In the third step, we identify the coefficient β k , where productivity is assumed to evolve according to a first-order Markov process. We fit the following equation by non-linear least squares in order to obtain β k : y i t − β l l i t − β m m i t − jδ j c j i t = β k k i t + β a a i t + g φ t−1 − β k k i,t−1 − β a a i, t−1 ,P i t + ξ i t + η i t ,
where the unknown function g (.) is approximated by a second-order polynomial in ϕ t−1 − β k k i,t−1 − β a a i,t−1 andP i t .
Finally, we use the efficient coefficients' estimates to build a measure of farm-level production for the i farm at the time t.
Appendix B: Measuring rural income distribution: a decomposition of the Gini index on equity
To characterize the size of inequality of the agricultural output, we use the Gini coefficient decomposition proposed by Pyatt et al. (1980) and Shorrocks (1982) . As developed in López-Feldman et al. (2007) , each source's contribution to the Gini coefficient could be observed as the product of its share on total output, its own source's Gini coefficient, and its correlation with the total output and can be expressed as
where G tot represents the Gini coefficient for the total yield; S k is the share of component k in the total yield; this brings up the question of how important the source is with respect to total yield. G k represents the relative Gini of source k, this part attempts to measure how equally or unequally distributed the income source is; R k is the Gini correlation between yield from source k and the total yield distribution R k = Cov {y k F (y)} Cov {y k F (y k )} , which leads to the question of how the income source and the distribution of total income are correlated. This decomposition of the Gini coefficient is a good measure to help us understand the determinants of inequality, and allows us to estimate the effect of small changes in a specific source of yield (income) on inequality, maintaining the other sources at a constant level. Consequently, the decomposition of the overall Gini into specific source factor effects was derived from Lerman and Yitzhaki (1985) . The authors show that the partial derivative of the overall Gini coefficient with respect to a percent change e in the source factor k is equal to
In this paper we include drought as a source factor. As we mentioned before, if we consider the relationship between drought and crop yield, the interpretation of this decomposition will be the following: if drought source represents a large share of total crop yield, it could probably have a large impact on inequality. If crop yield is equally distributed (G k = 0), it cannot affect inequality, even if its magnitude is large. However, if this crop yield source is large and unequally distributed (S k and G k are large), it could either increase or decrease inequality, depending on which farmers, at which points in the crop yield distribution, earn it. If the crop yield source (drought) is unequally distributed and flows disproportionately towards those at the top of the crop yield distribution (R k is positive and large), its contribution to inequality will be positive. However, if it is unequally distributed but targets poor farmers, the crop yield source may have an equalizing effect on crop yield distribution.
